Traditional hydrological modelling assumes that the catchment does not change with time. However, due to changes of climate and catchment conditions, this stationarity assumption may not be valid in the future. It is a challenge to make the hydrological model adaptive to the future climate and catchment conditions. In this study IHACRES, a conceptual rainfall-runoff model, is applied to a catchment in southwest England. Long observation data are used and seasonal calibration (only the summer) has been done since there are significant seasonal rainfall patterns.
can also lead to the change of calibrated parameters. However, the correlation between parameters is complicated and may be related with catchment conditions (Wagener ) which make it hard to understand the reason of the parameter changes in time (Wagener et al. ) .
The purpose of this study is to assess the validity of the assumption of hydrological stationarity and to improve the traditional time invariant model parameterisation for nonstationary hydrological system. Catchment change, such as land use/cover change, may be a source for the temporal change of the model parameters but it is not taken into account in this study due to difficulties in obtaining the data. We only consider the relationships between the trend of parameters and climate conditions (assuming that the climate change could be used as proxies for catchment found at www.metoffice.gov.uk/climatechange/science/ monitoring/ukcp09. As shown in Figure 2 , the hydrologic variables in this catchment have strong seasonality, i.e.
there are significant seasonal rainfall and flow patterns. In general, summer is dry and warm, while winter is cold and wet. In this study only the summer period data are used since summer is more sensitive to climate and land cover change than the other three seasons.
Temporal distribution of climate variables and flow
To analyse the nonstationarity of the hydrological system, temporal distribution of climate variables and flow are estimated for the calibration period by movingaveraging every 10-year value, i.e. from 1961-1970 to 1981-1990 . As shown in Figure 3 , the temporal trends of the summer precipitation and runoff are apparently decreasing while the air temperature tends to increase. The F-test has been done for the precipitation and temperature data.
The result shows that both of those trends are statistically significant (P value ¼ 0.0027 and P value ¼ 0.0033 respectively). The similarity between the temporal distributions of precipitation and flow shows that the flow in this catchment is more influenced by precipitation than evapotranspiration.
METHODOLOGY Hydrological model
The model used in this paper is a conceptual rainfall-runoff model IHACRES (Jakeman & Hornberger  Figure 4 and model parameters are listed in Table 1 . A non-linear module converts rainfall to effective 1961-1970 and 1981-1990 respectively) .
rainfall which is calculated from the following equations.
where r k is the observed rainfall, C is the mass balance, l is the soil moisture index threshold and p is the power on soil moisture respectively. The soil moisture (∅ k ) is calculated from:
where τ k is the drying rate given by:
where τ w is the drying rate at reference temperature, f is the temperature modulation, t r is the reference temperature, and t k is the observed temperature. A linear module assumes that there is a linear relationship between the effective rainfall and flow. Two components in this module, quick flow and slow flow, can be connected in parallel or in series. In this study two parallel storages in the linear module is used and the streamflow (x k ) at time step k is defined by the following equations:
where
k are quick flow and slow flow respectively and α and β are recession rate and peak response respectively. The relative volumes of quick flow and slow flow can be calculated from:
Parameterisation scheme for nonstationary hydrological system
To explore modelling of the nonstationary hydrological system we propose two nonstationary parameterisation schemes. The idea is that the model parameters are changing with time and if we can find some parameter trends against time or some meaningful correlation between parameters and weather variables, this nonstationary model performance might be better in the future than the static parameter while the other parameters are set as the fixed which are described in the following sections.
Forward and backward stepwise methods
The calibration has been done every consecutive 10-year period by moving the window one year from 1961 to 1990;
hence we get 21 data points, each data representing every 10 years (i.e. the first and the last data points represent 1961-1970 and 1981-1990 respectively) . Since some model parameters show trends over 30 years and some do not, the idea of a new calibration method is to constrain the model parameters one by one and calibrate the model step by step. We assumed the trend to be linear and the statistically significant level is set at 5% for detecting the trend. Here we propose the two new calibration methods, Forward Stepwise Method (FSM) and Backward Stepwise Method (BSM). FSM is to start the calibration by setting a parameter as a fixed value, whose p-value is the largest among the other parameters that do not show any trend (i.e. with the first 10-year value) and the rest parameters are set free during optimisation. We repeat this calibrating process step by step until all the rest of the parameters show trends in time. Next, when we encounter a situation where all the parameters show trends in mid process, we choose the parameter which has the lowest Pvalue and fix this linear regression equation followed by calibrating the rest of the free parameters for optimisation.
As we have eight parameters, calibration has carried out seven times by incrementing one fixed (either constant or keeping the trend) parameter each step. Then finally we get all the parameters optimised, and with each step the parameters are optimised under previously constrained parameters.
The FSM process is as follows:
1. Calibrate the model in every 10-year window from 1961-1970 to 1981-1990. 2. Test each parameter if it has a trend over the calibration period.
3. Among the parameters which do not have trends, choose the parameter that has the least trend (i.e. the largest Pvalue).
4. Fix this parameter for all the calibration periods while the other parameters are set free and do the optimisation.
5. Go to step 2 and repeat the processes until all parameters are constrained.
During the process when the parameters which do not
show any trends are all constrained and only the parameters that have trends are left, then choose the parameter that has the strongest trend (i.e. the smallest P-value) and fix that trend (i.e. linear regression equation) for the calibration period, then do the calibration.
7. Repeat the processes until all parameters are constrained.
For example, Table 2 represents calibration setting and optimisation results for the FSM for the summer period from 1961 to 1990. First, the Parameter l is set as a fixed value for all the calibration period in Step 1 since l in the calibration 
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Step 7 l, α s , α q , τ w, p f , c β q -β q stage has the highest P-value among the other parameters. The other seven parameters are set free and optimisation has been done. Next, Steps 2-5 have been carried out in the same way.
In
Step 5, optimisation result shows that all three optimised parameters show significant trends along time, among which f shows the lowest P-value. Hence, in
Step 6, the trend of f along time is fixed, i.e. f value of each calibration period is calculated from a linear regression equation. Then optimisation has been done for the rest two parameters, c and β q .
Step 7 has been done in the same way. Finally, for this nonstationary model, five parameters are set as fixed values and three parameters are set to have trends along time. This nonstationary model is compared with the other models described in the following sections.
The BSM process is the same as FSM except starting to constrain the parameters that show the strongest temporal behaviour (i.e. the smallest p-value) instead of constraining the parameter that does not show any trend along time. Table 3 represents the calibration setting and optimisation results for the BSM for the summer period from 1961 to 1990. For this nonstationary model, two parameters are set as a fixed value and six parameters are set to have trends along time.
Adjustment of one parameter against time and climate variables
An alternative parameterisation scheme for the nonstationary system is to select only one parameter for optimisation while the other parameters are set as fixed. In other words, the stationarity assumption is valid for all parameters except one. The reason why we adopt this method is due to the issue of equifinality in modelling complex environmental system. The concept of equifinality is that many 
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where Q sim and Q obs are the simulated and observed runoff, respectively. Q obs is the mean of the observed runoff, i is the ith day, and N is the number of days in the calibration period.
To evaluate the performance of the nonstationary model, four different models are compared as illustrated in 
RESULTS

Temporal behaviour of model parameters
In Figure 6 , the model parameters are plotted against the input data. For example, the temporal distribution of the temperature modulation of drying rate f shows quite a linear relationship during the calibration period (the data point from 1961 to 1981 in Figure 6) ; however, the trend tends to be opposite afterwards. Another issue is that changing multiple parameters may not make every parameter optimised since they are interdependent and may be unnecessarily correlated with each other (e.g. their effects could offset each other which result in equifinality).
Model performance of adjusting one parameter against time and climate variable
Although, the performances of both the FSM and BSM nonstationary models are good in the calibration period, they are not satisfactory in the validation period. Therefore, we evaluated the other nonstationary model which is calibrated by optimising only one parameter while the other parameters are fixed. The catchment drying rate τ w has been selected as an adaptive parameter due to its time stability and link with temperature as shown in Figure 10 . The parameter is optimised with the rest of the parameters fixed.
It is apparent that the trend is gradually decreasing while the air temperature is increasing over the whole period.
We cannot assume that the trend of parameter τ w in Figure 10 may appear in the far future as well. However, it can be justified to extrapolate the trend to the future since the observation data are quite long (1961-2008, 47 years) and the trend is stable. To make the approach more solid, we tried other parameters as the adaptive one. Only the non-linear module in southwest England and the data are for the summer period only, the methodology proposed in this study is general and applicable to other catchments. We hope this study will stimulate the hydrological community to explore a variety of sites so that valuable experiences and knowledge could be gained to improve our understanding of such a complex modelling issue in climate change impact assessment.
